Abstract-In this paper, an asynchronous brain-computer interface (BCI) system combining the P300 and steady-state visually evoked potentials (SSVEPs) paradigms is proposed. The information transfer is accomplished using P300 event-related potential paradigm and the control state (CS) detection is achieved using SSVEP, overlaid on the P300 base system. Offline and online experiments have been performed with ten subjects to validate the proposed system. It is shown to achieve fast and accurate CS detection without significantly compromising the performance. In online experiments, the system is found to be capable of achieving an average data transfer rate of 19.05 bits/min, with CS detection accuracy of about 88%.
the instant of presentation of the stimulus. The amplitudes and latencies have high intersubject variability, and also depend on the amount of "surprise" in the stimulus [3] . It forms an important class of BCI systems as they are produced even by locked-in patients [4] , [5] . SSVEP is a potential produced by the brain in response to repetitive periodic visual stimulus. When the subject attends to a flickering stimulus of a certain frequency in the range of 3-75 Hz, a detectable signal of the same frequency and its harmonics are produced by the brain, predominantly at the occipital region [6] . Researchers have developed robust SSVEPbased BCI systems capable of reaching information transfer rates (ITRs) of up to 58 ± 9.6 bits/min using an interface with several stimuli, each flickering at a different frequency [7] .
One of the most desirable features that a practical BCI should have is asynchronous operation-the BCI system should be able to detect if the user intents to issue a command, and should recognize that command. Hence, asynchronous BCI has become an active field of research and encouraging results have been reported by various groups [8] [9] [10] . However, very few P300-based asynchronous systems have been reported. Zhang et al. developed an asynchronous P300 speller that is able to communicate at an average of 20 bits/min, and a false positive rate (FPR) of 1 event/min [11] . They achieved asynchronous control by setting a threshold for the likelihood derived from a probabilistic model of P300 classifier scores. An alternate method to develop an asynchronous system is proposed in this paper, using different EPs for control state (CS) detection and information transfer. We propose a P300-based system, with SSVEP providing the CS information. Use of two different paradigms in a complementary fashion to achieve improved performance was recently reported by Pfurtscheller et al. [12] [13] [14] . In [12] , they describe an SSVEP-based system where another brain activity, the event related desynchronization is used for implementing an activation mechanism.
The base system described here utilizes the P300 ERP. The exact level of visual attention required, and the suitability of P300 and SSVEP for various categories of subjects are still being studied by various groups [15] [16] [17] . However, there are several studies reporting severely paralyzed or disabled patients being able to use P300 BCIs, though not to the same extent as healthy subjects [4] . Moreover, it is relatively easy to detect, even with minimal training, and gives reasonably good ITRs. Although SSVEP-based systems are generally faster than P300-based systems, they suffer from several drawbacks such as the requirement of more accurate control of eye muscles [18] , [19] , precise and fast hardware, and unsuitability for people with epilepsy. Moreover, if low-frequency stimuli are used, prolonged use of the system is very tiring whereas high-frequency SSVEP response is weaker and harder to detect accurately. For a detailed description of various considerations in the operation of an SSVEP-based BCI, see [14] and [17] . In our approach, instead of basing the complete system on SSVEP, we utilize it just for CS detection, with P300 as the main BCI paradigm. While such a system is still dependent on control of eye muscles or other motor control for switching between CS, the information transfer itself is using P300 that has a relatively relaxed requirement as compared to SSVEP.
The EEG data associated with the flashing of one button and that associated with one complete cycle of flashings are called epoch and round, respectively, in this paper. Also, the state in which the user is actively giving an input is called CS, and noncontrol state (NCS) otherwise [11] . The proposed method is described in Section II. Section III describes the off-line and online experiments and Section IV details the data analysis. The results for the experiments are given in Section V. This paper is concluded with some remarks in Section VI.
II. P300-SSVEP SYSTEM
SSVEP is an ideal candidate to be used in conjunction with the P300 ERP, for several reasons. Both are well documented to be reliably evoked in most humans without prior training. The visual stimulus required to elicit SSVEP can be added to the existing P300 stimuli with relative ease, as both are usually evoked by a visual stimuli (P300 can also be evoked by other stimuli, but visual P300 is faster, and hence dominant in BCI research). Our experiments show that both signals can be elicited at the same time in an individual, without greatly compromising the detection accuracy of either.
The experimental setup makes use of a 24-channel EEG amplifier from ANT-Neuro, with a sampling rate of 256 Hz. EEG from nine unshielded channels of the standard 10-20 system [20] -Cz, C1, C2, Pz, P1, P2, Oz, O1, and O2-were recorded. The data recording is controlled from a multithreaded program implemented in Visual C++ through the ActiveX control. Another thread handles the interface, which is the speller paradigm [21] implemented using simple and fast multimedia library-a multimedia library providing accelerated graphics using OpenGL as back end. For the display, we used a 19-in CRT monitor with a vertical refresh rate of 120 Hz. The speller consists of 36 characters, arranged as a 6 × 6 matrix with characters A-Z and 0-9. Rows and columns are highlighted in a random order such that all rows and columns are highlighted once in every round. When the user is concentrating on one particular character, a P300 is elicited when either the row or column containing the character is flashed. A third thread sends the data (along with a time stamp) to another computer through TCP/IP for processing. After the completion of each round, the precise timing information is also sent. To ensure precise timing, the time stamps for all the data are recorded from the same timer. A fourth thread waits for decisions and passes it to the display interface. A second computer receives the data, processes it in real time, and sends the results back to the first computer. For eliciting SSVEP, all buttons are set to flicker at the desired shows the two alternating states. The rows and columns are highlighted in a pseudorandom sequence such that each row and each column is highlighted once in every round, as with the case of a standard P300 speller. Here, the target character during the training phase is "Y," which is yellow in color.
frequency (alternating between black and white with 50% duty cycle). This stimulation paradigm of alternating a single graphic was reported to give a performance comparable to the pattern reversal paradigms [22] . Highlighting of rows and columns is done as usual for a P300-based interface, in a pseudorandom sequence such that all the rows and columns are highlighted once every round. Either red or orange color was used for row/column highlighting, completely occluding the character buttons. Fig. 1 shows the two alternating states. When the user is gazing at the screen, it can be assumed that he/she wishes to input a command, which will manifest as the elicitation of SSVEP. With such an interface, the user would be able to naturally elicit both potentials without requiring a divided attention. Thus, the system can detect the target character and CS simultaneously.
Since only one frequency is used, the task is, thus, reduced to the detection of any SSVEP near the frequency of interest, as opposed to detecting precisely one among several frequencies. Thus, the need for a dedicated hardware capable of creating very precise stimuli of various frequencies is also eliminated; inexpensive displays would be sufficient. By choosing the frequency to be outside of the P300 operating range (i.e., above 12 Hz), the two signals could be separated by simple bandpass filtering, and thus, there would be no reduction of accuracy in the classification process.
Preliminary experiments were conducted to explore the best flicker frequency to be used in the subsequent experiments and in the online experiments. A stimulus frequency f st slightly less than 18 Hz was chosen due to the following considerations: 1) to keep the frequency at least two harmonics above the frequency corresponding to the P300 highlighting (reciprocal of the interstimulus interval, ISI which is 225 ms in our experiments) so that the user can distinguish between the two stimuli comfortably; 2) to synchronize the P300 highlighting and SSVEP flicker, it is desirable to have a flicker frequency that is a multiple of P300 highlighting frequency; 3) to avoid overlap with the alpha band (8-12 Hz); 4) lower frequencies are easier to elicit but less comfortable for the user; and 5) higher frequencies are harder to elicit and demanding on hardware.
III. EXPERIMENTS

A. Offline Experiments
To evaluate the performance of the proposed scheme, off-line experiments were conducted on ten healthy subjects aged 19-28; seven males and three females. All subjects were undergraduate or postgraduate students who had no known physical or mental disabilities, were volunteers and received no compensation for their participation. Subjects 1-3, 6, and 10 had prior experience with BCIs, whereas the others were BCI naive. The data for two subjects who could not concentrate on the task and another two subjects for whom the complete set of experiments were not done are excluded form the subject count and analysis. First, for training a P300 classifier, EEG for 360 rounds of stimuli were recorded (only 300 rounds for subjects 1-3), with the target character shown with a separate color during the session, and an ISI of 225 ms. 360 rounds of stimuli with and without SSVEP (i.e., the standard speller) were recorded for subjects 6-10 to study the effect of introduction of SSVEP on P300 classification accuracy (CA). Subjects 6, 7, and 10 underwent the session with SSVEP first, whereas subjects 8 and 9 had the session without SSVEP first, to balance any effects due to habituation. During these experiments, subjects were instructed to count the number of times the target character is highlighted. The system shows five rounds per character, regardless of the state of the user. Each subject performed an experiment of 40 characters for offline analysis. Subjects are in CS for the first ten characters, in NCS for the next ten characters and so on. There is no gap between rounds belonging to the same character, but a 1-s gap was provided between the two characters (i.e., five rounds) to allow the user to shift his/her attention to the next character. In CS, the subject is instructed to count the number of times the target character is highlighted. The subject is instructed to do a mental task (multiplication of two random numbers of their choice) and to relax with eyes closed for alternate NCS. A break was provided after every ten characters (i.e., during the transition of the CS) and the system resumed the presentation of stimuli after the user has pressed a keyboard button to indicate his/her readiness to continue. An auditory cue was provided to alert the subject that the noncontrol session is over.
B. Online Experiments
To highlight the capability of the CS detection of the BCI and for easier evaluation of its performance, the online experiment is implemented as semiasynchronous. The BCI system is still operated in a discrete, predefined blocks of rounds. In this experiment, five rounds per block and an ISI of 225 ms were used. Once stimuli for one block is finished, the system will halt until a decision has been made, and a new block will start. In addition to detecting target character using P300 in each round, the presence of SSVEP is detected as well to validate it. As long as SSVEP is detected in at least three out of five rounds, the subject is deemed to be in CS. P300 classification is employed only when CS has been established. In this scheme, the user will have to wait for the beginning of a new block to change to CS and to start giving the input. The subjects underwent three experimental sessions, with 18 characters for each session. A character is identified and displayed on the screen once five rounds have been presented, and the character is determined to be null (shown on the screen using an " = ") if CS is not detected. While in CS, the subjects are required to input a string of characters (either the sentence A QUICK BROWN FOX JUMPS OVER A LAZY DOG or a random string). In each run, the subject focused on the first six characters, gazed away for the next six, and focused again on the last six. Thus, there would be 54 blocks of five rounds each, 36 of which are in CS. For every six characters, the subjects were provided a break from which he/she can resume based on his/her readiness; and the end of a noncontrol session was indicated through an auditory cue similar to that of off-line experiments.
IV. DATA ANALYSIS
A. SSVEP Detection
SSVEP is usually very precise about the stimulus frequency. Gao et al. reported the possibility of distinguishing two stimuli with frequency difference of just 0.2 Hz [23] . Detection of SSVEP is usually done by a simple thresholding of the amplitude of the signal's Fourier spectrum. Various techniques for enhanced detection of SSVEP can be found in [24] [25] [26] [27] .
Unlike the techniques mentioned earlier, the detection task in our system is less demanding on frequency precision, as the presence or absence of SSVEP is all that is required to be estimated. Therefore, in this CS detection scheme, all other peaks not located around the target frequency can be assumed to be due to noise and were ignored. Simple thresholding of band power would not work due to high variability of EEG signals and the presence of a peak at the target frequency needs to be ascertained. Hence, the mean power in a wider range of frequencies is used as the benchmark for comparison. The window length of the FFT used is 1228, corresponding to approximately 4.8 s of data at a sampling frequency of 256 Hz. Fig. 2 shows a sample FFT result of an epoch in which the user used the system with the screen flickering at around 17.7 Hz (a precise frequency is hard to maintain, owing to operating system scheduling related unpredictabilities [22] , and lack of synchronization with vertical refresh of the monitor [28] ). The relative mean power spectral density (PSD) of frequency bins in the narrow range f st ± f n Hz as compared to the mean PSD in the wider range f st ± f w Hz is the metric chosen for detection. Thus, a simple objective function can be defined as
where [S(f )] f s t ±f n is the mean PSD in the narrow range and [S(f )] f s t ±f w is the mean PSD in the wider range. In our experiments, f n is chosen to be 0.3 Hz, and f w is chosen to be 2 Hz. The value of J(f st ) could then be compared with a threshold to detect the SSVEP, which in turn indicates user's desire to input a command. The frequency sensitivity of the algorithm could be tuned by setting the ranges. The threshold controls balance between true positive rate (TPR) and FPR (the rate at which a NCS is classified as a CS), the setting of which depends on the requirements of the specific application. Bashashati et al. have reported that FPRs in asynchronous BCI applications above 1-2% cause frustration and distraction [29] . In most control applications of BCIs (e.g., wheelchairs), false positives should be minimized, whereas applications such as spellers are likely to be more tolerant to false positives. To an extent, this depends on user preferences as well. If the goal is to maximize the CA, the threshold can be found using an exhaustive search of a training data set. A value of 0.5, which was found to be giving a reasonable tradeoff between selectivity and sensitivity for most of the subjects was used in all results reported in this paper. Channel selection was done based on inspection of PSDs of data from various channels at the frequency of interest. For SSVEP detection, Pz was used for subject 2, whereas for all others, Oz was chosen. From the pilot experiments, it was found that the data from just one round are not always sufficient for reliable CS detection. However, it is not necessary to follow P300's trial demarcation rigidly in this case, and it is possible to obtain more data per round without lengthening the ISI and sacrificing bit rates by allowing some overlap of data between rounds. It is justified if we assume that the user would have been focusing on the screen for at least a few seconds before the onset of the stimulus. Hence, for all the analysis as well as for online experiments, we included a 2-s overlap for SSVEP detection.
B. P300 Classification
As most of the information for detection of P300 lies in lower frequencies, the collected data are filtered with 0.5 and 12 Hz as the lower and upper cutoff frequencies, zero-phase filtered using a Butterworth filter of order 3. To reduce the feature size, it is down-sampled to 32 Hz, and the data for a duration of 0.7 s from the start of the stimulus are considered to belong to that particular epoch. Due to the high amount of noise and background activity present in EEG, several rounds of data are required to get a reliable estimate of the P300 potential. The optimum number of rounds to be chosen for detection is a tradeoff between CA and the ITR, and varies from person to person. The number of rounds used in our experiments is fixed to be 5, as it was found to be giving a near-perfect accuracy in our preliminary experiments as well as in [30] and [31] . Several classifiers for classification of P300 have been reported in the literature including Fischer's linear discriminant analysis (FLDA) [32] , support vector machines [31] , Bayesian linear discriminant analysis (BLDA) [33] etc. In our system, either FLDA or BLDA is used for classification (FLDA for subjects 1-3 and BLDA for the rest of the subjects) as they are simple and computationally efficient, yet in our experiments, they gave results comparable to other methods when there is reasonable amount of training data. Given the pattern matrix X = [ x 1 , x 2 T such that the projection y = w T X, maximizes some criterion. For FLDA, the criterion is the separation of the projected means of classes, while minimizing the spread of the projected data within a class. Details on FLDA can be found in [34] . For BLDA, the criterion is the maximization of a log likelihood function involving X and y, the details of which can be found in [33] . The classifier design is complete once the projection vector w is estimated, and the score for a single feature vector is given by y j = w T x j . This score is summed over a number of rounds and the symbol corresponding to the maximum score is selected.
The ITR is calculated in online experiments based on different criteria, which are discussed in detail in [10] . If the online system involves a provision to correct a wrong input, then the number of bit finally input is the correct number of bits, and ITR can be calculated by dividing it with the time taken. If error correction facility is not available (which is the case with our system), the number of bits detected per detected symbol is calculated as [35] B[bits] = log 2 (M )+p 0 log 2 (p 0 ) + (1−p 0 )log 2 (
where M is the number of equiprobable classes, and p 0 is the CA (assuming it is uniform among classes). It is assumed that the CA is uniform among classes. Given the interstimulus interval (ISI, the interval between two consecutive stimulus presentations, in seconds) and the intercharacter gap (ICG, the time gap between two consecutive blocks, in seconds), ITR (in bits per minute) is calculated as where n R is the number of rounds required for the detection of a character. The CA by chance is 0.0278 (1/36, or 2.78%), and the corresponding ITR is 0, from the previous equation.
V. RESULTS AND DISCUSSION
A. Effect of SSVEP Addition
To investigate the effect of addition of the flickering stimuli for eliciting SSVEP, a fourfold cross-validation of 360-round data with and without SSVEP was done. The 360 rounds were split into four continuous sections of 90 rounds each. The classifier was trained on one of the sections and used to predict the class labels for the rest of the three sections. This was done for all the sections and the results were averaged. Table I shows the CAs obtained for subjects 6-10 with and without SSVEP stimuli. For subject 10, slightly better accuracy was obtained when SSVEP was absent, whereas for subjects 6-8, introduction of SSVEP resulted in a slight improvement in accuracy. Results show that the accuracies are comparable and the introduction of SSVEP might not be detrimental to P300 detection.
B. Results of Offline Analysis
The P300 detection accuracy was found to be very good-all the 20 characters were correctly detected for all subjects except subjects 1, 5, 7, and 10, for whom the correct detections were 19, 19, 19 , and 16, respectively. A sample spectrum of the first 20 characters is shown in Fig. 3 , which shows that with a full block of data, distinguishing between control and NCS could be done.
The values of the objective function J(f st ), evaluated using (1) for 200 rounds of data, are shown in Fig. 4 . The vertical dashed lines indicate a change in CS, and as expected, the noncontrol rounds have values around zero. The horizontal dashed line is the detection threshold that is set to 0.5. If SSVEP is absent, the mean PSD in the band of interest (f st ± f n ) is close to the mean PSD over f st ± f w , and the value of the objective function would be nearly zero; which can be observed in Fig. 4 .
To evaluate the performance of the system for various thresholds, the receiver-operating characteristic (ROC) was plotted for the first five subjects as shown in Fig. 5(a) and for the rest of the five subjects in Fig. 5(b) . ROC plots the TPR (sensitivity) against FPR (selectivity). Area under curve (AUC) of the ROC, which is a performance measure of the system, is given in Table II . CAs of the speller, the corresponding ITRs as well as CD for the subjects are also given therein. Average AUC over all subjects is 0.859, and subject 10 has the minimum AUC at 0.632. For most subjects, the AUC is much higher than that for a random classification (0.5), which shows that the system has good CS detection capability. For subject 10, the discrimination is not much higher than chance. Voting of classifier labels within a block was used for calculation of CD. For example, if blocks of five rounds are considered for the detection of one character; as long as at least three rounds are determined to be in CS, the character is deemed valid. It can be seen from Table II that most subjects were able to achieve very good data transfer rates as well as CS detection accuracies. The CS detection accuracy for subject 10 is very low as compared to other subjects. This could be expected, as a recent survey by Allison et al. [17] , [36] on BCI demographics shows that there are BCI "illiterate" people who shows poor performance for certain BCI paradigms. The P300 CA for subject 10 was also less than others. However, it is not possible to derive statistical conclusions on the relation between P300 and SSVEP detection accuracies based on the data-it could be due to attentional/motivational factors. Overall, the system achieved an average bit rate of 20 bits/min at an accuracy of 96.5%, and a CS detection accuracy of 88%.
C. Online Results
For online experiments, the threshold value was set to be 0.5. A plot of objective function for one session is given in Fig. 6 . For blocks of five rounds (one character), the mean detections for CS and NCS, respectively, are given in Table III . More than four out of five rounds gave correct detections in CS for subjects 1-7. The mean of the number of rounds in a block where the system gives a positive detection during NCS is 0.21 on an average, which corresponds to a round-wise false alarm rate of 4.2%. The corresponding CS detection accuracy is 88.15%. The CS detection accuracy was more than 94% for subjects 1-7. For subjects 8 and 10, these were less than 70%, and little discrimination could be achieved for subject 10 (detection accuracy by chance is 50%). It was noted that accuracy is lower when focusing on the last column of the display, likely due to reduced visual attention to SSVEP; however, more experiments are required to ascertain the statistical validity of this observation. Based on the P300 detection accuracy, the system is capable of information transfer at an average of 19.05 bits/min while maintaining very good CAs when the subjects are in CS. The accuracy is more than 94% except for subjects 2, 5, and 7, who also achieved more than 86% accuracy.
VI. CONCLUSION
An asynchronous BCI system combining two different paradigms has been realized. This system takes advantage of the ease of elicitation of the SSVEP, and flexibility of P300 such that the system has efficient operation and reliable CS detection. In the online experiments, the system achieved an ITR of 19.05 bits/min, with a CS CA of 88.15%. The system demonstrated very good CS detection accuracies for eight of the ten subjects, and had more than 94% discrimination for seven subjects.
Since the purpose of this paper is to validate the proposed technique of combining P300 and SSVEP paradigms, the system uses relatively simple hardware and detection algorithms. Higher frequency flicker could be used to increase users' comfort while using the system. Various works have reported reliable detection of frequencies up to 40 Hz, which corresponds to a flicker that is barely perceptible [37] , [38] . However, this would necessitate very sophisticated hardware and detection algorithms. Choosing frequencies that can synchronize with the vertical refresh of the monitor might reduce the BCI illiteracy [28] . Also, combining the statistical information from the P300 classifier scores [11] with the information from SSVEP could improve the CS detection performance further.
Another possible enhancement is to render the system more asynchronous by the use of a sliding window instead of discrete blocks for the detection of a character. The window should consists of six rounds, the CS is determined as follows: the first round has to contain SSVEP, and at most two of the other five can have a negative detection. If the current window fulfills that criteria, a decision is made through P300 classification of the last five rounds and the queue is emptied. Otherwise, the window is moved forward by one round. The extra round at the beginning is not evaluated for P300 as the user might start focusing midround, producing the requisite SSVEP and without the proper P300 signal. This extra round can work as an alternative to the break enforced between blocks, and hence does not amount to a loss of efficiency.
To evaluate the advantages and limitations of the proposed method in practical scenarios, it needs to be tested for different BCI applications. Also, the performance of the system should be tested on a larger and more varied subject pool to get unbiased results on the usability and generality. This should also enable a better understanding on the effect of inter-and intrasubject variabilities on the combined elicitation of P300 and SSVEP. Techniques for adapting the SSVEP detection threshold needs to be explored for subjects with high intrasubject variability. A detailed study of factors affecting user comfort, and effects of habituation would enable necessary modifications to improve the usability and practicality of the system.
